Hypoliths (cryptic microbial assemblages that develop on the undersides of translucent rocks) are significant contributors to regional C and N budgets in both hot and cold deserts. Previous studies in the Dry Valleys of Eastern Antarctica have reported three morphologically distinct hypolithic community types: cyanobacteria dominated (type I), fungus dominated (type II) and moss dominated (type III). Here we present terminal-restriction fragment length polymorphism analyses to elucidate the bacterial community structure in hypolithons and the surrounding soils. We show clear and robust distinction in bacterial composition between bulk surface soils and hypolithons. Moreover, the bacterial assemblages were similar in types II and III hypolithons and clearly distinct from those found in type I. Through 16S rRNA gene 454 pyrosequencing, we show that Proteobacteria dominated all three types of hypolithic communities. As expected, Cyanobacteria were more abundant in type I hypolithons, whereas Actinobacteria were relatively more abundant in types II and III hypolithons, and were the dominant group in soils. Using a probabilistic dissimilarity metric and random sampling, we demonstrate that deterministic processes are more important in shaping the structure of the bacterial community found in types II and III hypolithons. Most notably, the data presented in this study suggest that hypolithic bacterial communities establish via a successional model, with the type I hypolithons acting as the basal development state.
Introduction
Antarctica is regarded as one of the most 'extreme' environments on Earth (Cowan and Ah Tow, 2004; Convey and Stevens, 2007; Cary et al., 2010) . The McMurdo Dry Valleys of Eastern Antarctica are characterized by very low levels of precipitation, episodic katabatic winds, high salt content and extremely low temperatures (Cowan and Ah Tow, 2004; Cary et al., 2010) . Although it has frequently been assumed that these extreme factors would result in both low cell numbers and species diversity, recent data have supported the view that species diversity is higher than initially thought in a range of Antarctic biotopes (Cowan et al., 2002; Aislabie et al., 2006; Smith et al., 2006; Babalola et al., 2009) . Evidence of potentially novel microbial species has been found in various niches ranging from permafrost to the ice-free arid terrestrial zones (Yergeau et al., 2007; Stomeo et al., 2012) .
Hypolithic communities are widely distributed in hot (Schlesinger et al., 2003; Warren-Rhodes et al., 2007; Makhalanyane et al., 2013) and cold deserts (Cockell and Stokes, 2004; Smith et al., 2006; Wood et al., 2008; Pointing et al., 2009; Wong et al., 2010; Khan et al., 2011) . The hypolithic 'lifestyle' is proposed to circumvent environmental stress as the rock provides attenuation from excessive ultraviolet, photosynthetically active radiation, freeze thaw events and enhanced water availability (Cary et al., 2010; Cowan et al., 2010b) .
Bacterial community composition in hypoliths has been shown to differ from that of soil communities (Pointing et al., 2009; Khan et al., 2011; Makhalanyane et al., 2013 , Stomeo et al., 2013 , and to be dominated by cyanobacteria (reviewed in Chan et al. (2012) and Pointing and Belnap (2012) ). Actinobacteria, Alphaproteobacteria and Gammaproteobacteria are ubiquitous in all hypoliths (Pointing et al., 2009; Wong et al., 2010) , whereas Bacteroidetes, Acidomicrobia, Verrucomicrobia, Archaea, fungi or mosses represent small components (Khan et al., 2011) . However, recently, two other hypolithic morphotypes have been described in the Antarctic Miers Valley (Cowan et al., 2010a) : type II, dominated by fungal mycelia, and type III, dominated by bryophyte-based communities. Consequently, the cyanobacteria-dominated hypolithons are referred as type I. In an observational study, it has been suggested that the three hypolithons may represent sequential development stages (Cowan et al., 2010a) . As Antarctic soils contain relatively low levels of organic carbon (Cary et al., 2010) the more obvious hypothesis is that photoautotrophic hypolithons (type I) are the primary stage in succession. The increased eutrophication of the hypolithic microenvironment resulting from cyanobacterial colonization could serve as a trigger for heterotrophic fungal colonization (type II; Cowan et al., 2010a) . It was proposed that the development of the type III community may be controlled more by growth kinetics and then by nutrient status, on the basis that Antarctic mosses have very slow growth rates (Fenton, 1980) in comparison to cyanobacteria.
Hypoliths in extreme environments may be the dominant sites of primary productivity (Tracy et al., 2010) , N input (Cowan et al., 2011) and the basis for the survival of whole ecosystems (Thomas, 2005) . Therefore, understanding their species composition (alpha-diversity), how they vary across sites (beta-diversity) and the factors and processes that control them is of particular relevance in desert microbiology research.
Beta-diversity varies with environmental gradients (for example, productivity), environmental heterogeneity and disturbance regime, and depends on dispersal or connectivity among patches (Chase, 2003 (Chase, , 2007 (Chase, , 2010 . In general, beta-diversity can be influenced by local (for example, environmental conditions and species interactions) and regional (for example, demographic stochasticity and dispersal) habitat factors (Lindströ m and Langenheder, 2012) . Community assembly processes driven by local contemporary factors are often named niche based, species sorting or deterministic processes, whereas those driven by regional factors are so-called neutral, historical or stochastic processes. Recently, both deterministic and stochastic processes have been shown to be important in shaping the landscape distribution patterns of type I hypolithons (Caruso et al., 2011; Makhalanyane et al., 2013; Stomeo et al., 2013) . In contrast, to the best of our knowledge, no study has extensively investigated the bacterial composition, factors and processes that determine the structure of types II and III hypolithic communities.
In this study, we assess bacterial beta-diversity patterns for the three different types of hypolithons to infer possible mechanisms of community assembly during succession. As biomass accumulation (productivity) is often highest in the earlier stages of succession (Fierer et al., 2010) and stochastic processes predominate in higher-productivity systems (Chase, 2010) , we hypothesize that stochasticity will be stronger in cyanobacterial-relative to fungal-and moss-dominated hypolithons.
We used terminal-restriction fragment length polymorphism (T-RFLP) to show that hypoliths and soil harbor distinct bacterial communities. We then assessed bacterial community composition using 16S rRNA gene 454 pyrosequencing. As alphadiversity varied among communities, we tested for mechanisms in community assembly by means of a probabilistic dissimilarity metric and random sampling. We present evidence that species sorting is more important in shaping the structure of types II and III relative to type I hypolithons.
Materials and methods
Sampling and soil physicochemical analysis Samples were collected from the coastal Miers Valley (78160 0 S, 164100 0 E) region of Eastern Antarctica. The surface topology of the Miers Valley is composed of moraine of glacial and/or marine origin (Bockheim and McLeod, 2008) . A total of 36 samples were collected, 9 from each of the three hypolith types and soil (that is, four habitats), and stored in sterile Whirl-Pak bags (Nasco International, Fort Atkinson, WI, USA). Equivalent amounts of hypolithic and soil samples were collected aseptically in an area of 1 km 2 with similar macro-environmental conditions (that is, slope, aspect, elevation). The spatial arrangement of samples was also similar between habitats, therefore, allowing us to compare the potential influence of micro-environmental factors on beta-diversity across a similar spatial scale. Samples were maintained at À 20 1C and transported to the University of the Western Cape (South Africa) and stored at À 80 1C for further analysis.
The slurry technique was used to measure pH by mixing 2 g of soil with 5 ml of deionized water and allowing it to settle with a CRISON Bench meter (Crison Instruments, Barcelona, Spain). Soil chemical analysis was analyzed using a LECO Truspec Elemental Determinator at the Stellenborsch Central Analytical Facilities (Stellenbosch University, SA). Sample measurements were conducted for both anions (F À , Cl À , SO 4 2 À and NO 3 À ) and elements (%N, %C and %S), and were analyzed using standard quality control procedures (SSSA, 1996) .
DNA extraction and T-RFLP analysis DNA was extracted from 0.5 g of sample using the MoBio PowerSoil DNA isolation kit (Mo BIO, Carlsbad, CA, USA). Adsorbed DNA was eluted in 40 ml of tris-EDTA buffer and quantified using the Nanodrop 1000 spectrophotometer (NanoDrop Products, Wilmington, DE, USA). DNA was amplified using 16S rRNA gene primers 341F-FAM and 908R (Lane et al., 1985) . PCR reactions were carried out in a Bio-RAD T100 Thermal Cycler (Bio-Rad, Hercules, CA, USA) in duplicate 50 ml reactions containing 5X Phusion HF Buffer, 10 mM dNTPs, 20 mg ml À 1 bovine serum albumin, 2.5 mM MgCl 2 , 1 U of Phusion DNA Polymerase (Finnzymes, Espoo, Finland) and 10 ng of template DNA. Thermal cycling conditions were as follows; 3 min denaturation at 98 1C followed by 30 cycles with denaturation at 98 1C for 30 s, annealing at 55 1C for 30 s and elongation at 72 1C for 45 s with a final elongation at 72 1C for 8 min. Products were purified using the NucleoSpin Kit (Macherey-Nagel, Hoerdt, France) and digested using MspI (Fermentas, Burlington, ON, Canada). After a second purification step, electrophoretic separation of restriction fragments was conducted using an ABI3130XL (Applied Biosystems, Foster City, CA, USA). T-RFLP profiles were analyzed using Peak Scanner 1.0 (Applied Biosystems, available online https://products.appliedbiosystems.com). True peaks and fragments of comparable size were identified and binned using the software R and Perl as previously described (Abdo et al., 2006) . Fragment lengths that were within 1 bp from one another were considered to represent the same operational taxonomic unit (OTU) and peaks within 3 standard deviation of the noise baseline were removed.
16S rRNA gene amplicon barcoded pyrosequencing
In order to reduce the number of samples for 454 pyrosequencing, equal amounts of DNA from each of the nine samples were pooled according to habitat (n ¼ 4). Unique four base pair multiplex identifiers were added to the primers for each sample. PCR amplification of the highly variable V3 region of the bacterial 16S rRNA gene was carried out in two steps using HotStar DNA polymerase (QIAGEN GmbH, Hilden, Germany), based on the universal bacterial primers, A8-28F (Edwards et al., 1989) and K517R (Muyzer et al., 1993) . In the first PCR step, untagged primers were used in a 20-cycle reaction as described by Azmuda et al. (2012) , followed by purification of the amplicons using the GenElute PCR Clean-Up Kit (Sigma-Aldrich, Copenhagen, Denmark). The second reaction was performed with 100 ng of the purified PCR amplicons as template and primers containing the 454 FLX adaptors with sample-specific multiple identifiers (Supplementary Table 1 ) using 10 PCR reaction cycles (Azmuda et al., 2012) . The final products were purified using the Agencourt AMPure purification kit (Agencourt Bioscience Corporation (Beckman Coulter), Beverly, MA, USA) before shipment to GATC Biotech AG (Konstanz, Germany) for pyrosequencing with the GS FLX (Roche 454 Life Sciences, Branford, CT, USA) Titanium chemistry.
Pyrosequencing data were analyzed using MOTHUR (version 1.27.0; Schloss et al., 2009) following a previously established pipeline developed by Schloss et al. (2011) . Briefly, the Fasta quality and flow data were extracted using the sffinfo command. In order to reduce sequences of low quality, MOTHUR uses the shhh.flows command, which is an implementation of the PyroNoise component of the AmpliconNoise suite of programs (Quince et al., 2011) . The data set was simplified by obtaining the unique sequences using the unique.seqs command. An alignment was generated using the align.seqs command by aligning the data to the SILVA reference alignment (http:// www.arb-silva.de/download/arb-files/). The screen. seqs command was used in order to ensure that there was no overlap between the sequences. Sequences that did not match the reference alignment were removed. Identification of chimeras was through the chimera.slayer command.
Aligned sequences were used to construct a distance matrix and to group sequences into OTUs at a cutoff level of 97% in MOTHUR. The taxonomic affiliations of the OTUs were determined using the naive Bayesian rRNA classifier (Wang et al., 2007) with a confidence threshold of 80%.
Venn diagrams, rank-abundance and rarefaction curves were constructed using the R statistical package v.2.14.0 (http://www.r-project.org/). In order to compare the species diversity between the different sample types, the same number of reads per individual sample was subsampled. The Chao1 richness estimator was calculated using EstimateS (Colwell, 2009) .
To estimate whether a defined bacterial community (subsidiary community) represented a subsample of another community (original community), we used a random sampling procedure (Besemer et al., 2012) . OTUs were sampled from the original community with replacement until the number of OTUs in this randomly assembled community equalled the richness of the respective subsidiary community. This procedure was repeated to yield 1000 random subsamples of each original community. This procedure can be regarded as conservative as the subsidiary community was reduced to OTUs, which occurred also in the original community, therefore, increasing the chance that the subsidiary community resembles the original community.
The sequence data are available at the NCBI Sequence Read Archive under the accession number SRA058593.
Statistical analysis
T-RFLP profiles were analyzed using the vegan, gplots and labdsv packages in the software R. Bacterial richness and abiotic raw data were compared by pairwise Wilcoxon-Mann-Whitney tests after ensuring that an overall Kruskal-Wallis test was significant at Po0.05.
Abiotic data were standardized. A distance matrix was generated based on Euclidean distances, with which a non-metric multidimensional scaling ordination was performed.
In order to explore bacterial community structure, a Jaccard dissimilarity matrix was used. The structure of the bacterial community was visualized using non-metric multidimensional scaling. The effect of abiotic data in explaining variation in bacterial community structure was assessed by redundancy analysis (Legendre and Legendre, 1998) . Redundancy analysis was selected as the preferred ordination, as the gradient length of the ordination axis was less than 2 standard deviation units (ter Braak and Smilauer, 2002) . To examine the possible underlying mechanisms of community assembly, we used a probabilistic dissimilarity matrix (modified Raup-Crick; Chase et al., 2011) . In this case, instead of representing dissimilarity among pairwise communities per se, as in most metrics of beta-diversity, the modified Raup-Crick metric expresses dissimilarity between two communities relative to the null expectation. The metric provides an indication of the degree to which deterministic processes create communities that deviate from those based on random chance alone (see Chase et al. (2011) for details). The null expectation was generated using 10 000 randomizations.
A permutational analysis of variance (Anderson, 2001 ) was used to test for differences in composition between habitats ('adonis' function in the vegan package for R), whereas permutation dispersion (Anderson, 2006) was used to test for differences in their within-habitat dissimilarity ('betadisper' function in the vegan package for R). The test is based on the calculation of the distances from samples to their group (habitat) centroid followed by the comparison of the average of these distances between groups, using analysis of variance. A P-value is then obtained by comparing the actual F ratio to 9999 randomly generated F ratios.
Results and discussion
In this study, hypoliths and open soil samples were assessed to investigate the bacterial community structure of hypolithic morphotypes, with the aim of demonstrating discreteness from open soil and to infer possible mechanisms of community assembly during succession.
A total of 117 T-RFLP-derived OTUs were detected of which 23 (19.6 %) were shared between the four different habitats and 54 (46.1%) were unique to the respective habitats (Figure 1a ). The number of T-RFLPs per sample (a-diversity) ranged from 19 to 33. Overall, hypolithons contained higher bacterial OTU numbers than soil, and type II hypolithons appear to harbor a higher level of bacterial diversity (Table 1, Supplementary  Figure 1) . At a regional level (g-diversity), 85, 65 and 57 OTUs were observed in types I, II and III hypolithons, respectively. In contrast, only 39 OTUs were observed in open soil (ca 54% reduction respective to type I hypolithons). This means that (within-habitats) compositional differences were reduced in the order type I ¼ 4 type II ¼ 4 type III ¼ 4 open soil. Furthermore, the frequency of occurrence of OTUs differed between communities. OTU occurrences in type I hypolithons were considerably more sporadic than those in type III hypolithons and open soil (Table 1) . Thus, of the OTUs observed in at least one of the type I hypolithons, each was observed in 2.5 of the nine samples, whereas of the OTUs observed in at least one of the type III hypolithons or soil samples, each was observed in 4.2 and 5.3 of the nine samples, respectively.
Pyrosequencing analysis of partial 16S rRNA gene PCR amplicons, generated from pooled DNA (nine samples each) from each habitat type (n ¼ 4), supported findings from bacterial T-RFLP analysis. A total of 569 OTUs, cutoff defined at a 97% sequence similarity level, were identified Community structure and assembly in hypoliths TP Makhalanyane et al (Figure 1b ), of which 314 were singletons (Table 2) . These low numbers of OTUs were not completely unexpected as lower pyrotag counts have been described in a previous study of Antarctic soils (Lee et al., 2012) . We do not have a full explanation for the relatively low number of reads, in particular those from type II hypolithons, but PCR primerrelated biases are well known. Thus, it is possible that the primers we used were biased against one or several groups of bacteria that were more abundant in this hypolithon type. For example, Firmicutes have been found to be especially recalcitrant to PCR amplification (for example, Ellis et al., 2003) and are commonly found in soils. The majority (156 OTUs) occurred only in type I hypolithons, whereas 77 OTUs were only in type II hypolithons and 146 OTUs only in type III hypolithons. In addition, 129 OTUs were unique to the soil and only 6 were shared by all four bacterial communities. The observation that a large number of the OTUs were unique to the habitat type could be explained in part by the fact that rarefaction curves did not reach a plateau (Supplementary Figure 2) . Thus, it is possible that bacteria found in a given habitat may be present in the other habitats, albeit below the detection threshold. However, although it is likely that we did not sample the total diversity and methodological differences (for example, the PCR primers used) preclude exhaustive comparisons, these values are higher than previously found in Antarctic hypolithons (Khan et al., 2011) and Dry Valley soils (Lee et al., 2012) and suggest that bacterial biodiversity in the Miers Valley desert pavement may have been underestimated. After the number of OTUs was resampled to the smallest effort (n ¼ 103 OTUs), richness was found to be lower in open soil samples than in hypolithons (Table 2) , confirming the trend shown by the T-RFLP analysis. The rank-abundance distributions displayed a strong dominance of a few OTUs and a long tail of rare OTUs (not shown), which is a common feature among bacterial communities (Fuhrman, 2009) .
A total of 13 bacterial phyla were detected of which all were represented in hypolithons and 9 were found in the open soil (Figure 2 ). Those phyla contributing most to the observed diversity were present in hypolithic and open soil bacterial communities; although in some cases the distribution of their relative abundance indicated a preference for one of the four habitats ( Figure 2 ). As in previous reports, cyanobacterial phylotypes were found in both open soil and hypolithic Miers Valley samples (Wood et al., 2008) but were more abundant in type I hypolithons (Cowan et al., 2010a; Khan et al., 2011) . Actinobacteria and Acidobacteria were more abundant in type III hypolithons and open soil samples, whereas Proteobacteria (mainly Alphaproteobacteria) were prevalent in types I and II hypolithons. Many members of the Proteobacteria are characterized as copiotrophic soil bacteria, that is, they compete successfully only when organic resources are abundant (Fierer et al., 2007) , whereas many members of the Acidobacteria are oligotrophic. This is consistent with a model of succession in which an initial copiotrophic community, perhaps stimulated by cyanobacterial exopolysaccharides, is followed by a gradual increase in members of a more specialized oligotrophic community. In total, four (out of 6) of the most cosmopolitan OTUs were classified to the Figure 2 , Table 3 ). The role of these microorganisms in hypolithic communities is unknown, but Methylobacterium and Sphingomonas have been previously found in Antarctic soils (for example, Yergeau et al., 2007) . Methylobacterium is resistant to both dessication and ultraviolet radiation (Romanovskaya et al., 1998) and uses C 1 compounds as a facultative energy source (Green, 2006) , whereas members of the genus Sphingomonas have the capacity to degrade several kinds of polymers (White et al., 1996) . Such characteristics might confer an advantage to these organisms in harsh, depauperate environments. Interestingly, the most abundant OTUs in hypoliths were found in lower numbers in open soil and vice versa. This is in contrast to the composition of hypolithic communities from the Namib Desert (Makhalanyane et al., 2013) and suggests a stronger deterministic effect in shaping Antarctic hypolithons. When microenvironmental conditions (elemental chemical analysis, Supplementary Table 2) were incorporated in an non-metric multidimensional scaling ordination plot (Figure 3 ), hypolithic and soil bacterial communities were found to be shaped by disparate environmental factors (permutational multivariate analysis of variance (PERMANOVA): F 3,35 ¼ 4.08, P ¼ 0.001). However, no differences were found among the three different types of hypolithons (Table 4) . A post-hoc analysis using WilcoxonMann-Whitney test showed that soil samples presented lower nutrient values than hypolithons (Supplementary Figure 3) , suggesting that nutritional constraints in this depauperate environment are higher for soil bacterial communities than hypolithic communities. This is entirely consistent with the different levels of primary productivity in the two habitat types (Cockell and Stokes, 2004; Cary et al., 2010) , as predicted by the different photoautotrophic composition. T-RFLP bacterial community analysis using Jaccard's dissimilarity index (Figure 4) showed significant differences in community structure between hypoliths and soil samples (PERMANOVA: F 3,35 ¼ 6.84, Po0.001). Despite similar environmental conditions, two different hypolithic clusters were detected. The first cluster was formed by type I hypolithons, whereas a second cluster composed of types II and III hypolithons. These results were confirmed using a randomization test (Table 4) , which demonstrated, surprisingly, that the bacterial composition appears to be very similar in the two very different types of eukaryotic hypolithons (types II and III). Permutation dispersion showed that type I hypolithic communities were considerably more variable in their intra-OTUs composition than the types II and III, whereas soil samples showed a very high level of compositional consistency (Table 1) . Similar results were found using Bray-Curtis and Morisita-Horn dissimilarity metrics (Supplementary Figures 4 and 5) . It is important to note that low abundance taxa are not detected by T-RFLP analysis. However, recent studies have shown that both 454 pyrosequencing and 'classical' fingerprinting methods such as Denaturing Gradient Gel Electrophoresis and T-RFLP generated comparable patterns of community composition (for example, Bengtsson et al., 2012; Besemer et al., 2012) . To investigate how abiotic factors affected T-RFLP patterns, we performed redundancy analysis ( Figure 5 ). We found that sulfur, nitrate and fluoride were the most important factors explaining variability of T-RFLP patterns (Po0.001).
There are various possible interpretations of these results. First, it is possible that if differences in environmental parameters are higher among hypolithons, over dispersion in type I hypolithons can arise because of environmental heterogeneity. However, environmental heterogeneity, measured by permutation dispersion, showed no differences between the three types of hypolithons (Table 1) . Substrate-related and/or the environmental variables that were not recorded might also influence the structure of bacterial communities. Using redundancy analysis, only 18% of the total variation in community composition could be explained by the measured variables ( Figure 5 ), indicating that other factors may be dominant. For example, it has been shown that type I cyanobacterial hypolithons colonized rocks with approximately 50% lower photosynthetically active radiation transmittance than fungal or moss hypolithons (Cowan et al., 2010b) . Salinity and porosity have been also found to be important variables determining community structure below quartz rocks (Pointing et al., 2009) . Species can also alter the abiotic conditions of their environment (Jones et al., 1994) . For instance, changing from a bacterial to a fungal-dominated community over the course of succession may lead to fundamental differences in nutrient availability (Cherif and Loreau, 2007) . Overall, bacterial communities were strongly influenced by local environmental factors, which is consistent with the concept of habitat filtering (for example, Van der Gucht et al., 2007) . Other ecosystem features (for example, productivity) or species traits (for example, dispersal and competitive abilities) may be also important in explaining bacterial community assembly. Recent work has demonstrated that higher beta-diversity at higher productivity resulted from a stronger role for stochastic relative to deterministic assembly processes with increasing productivity (Chase, 2010) . Interestingly, hypolithons dominated by cyanobacteria may be the dominant sites of primary productivity and N input (Cockell and Stokes, 2004; Tracy et al., 2010; Cowan et al., 2011) . Alternatively, intensity of dispersal or complex ecological interactions can cause these patterns (Verreydt et al., 2012) . However, given the small spatial scale of our study, the potential for aeolian transport and the possibility of reduced microbial competition in desert soils (Fierer et al., 2012) , the patterns we observed are more likely to be affected by differences in productivity (Chase, 2010) .
It is noted that most dissimilarity metrics (for example, Jaccard's dissimilarity index) are biased by the number of species (Anderson et al., 2011) . To circumvent this bias, we took advantage of a probabilistic dissimilarity metric (modified RaupCrick; Chase et al., 2011) , which measures the deviation of pairwise comparisons of community dissimilarity from the null expectation under random assembly (Figure 6 ). This approach allowed us to compare the beta-diversity of the different habitat types independent of differences in alpha-diversity and provides indication of the possible underlying mechanisms of community assembly (Anderson et al., 2011; Chase et al., 2011) . Interestingly, this approach confirmed that the bacterial community composition was clearly different between hypolithons and open soil, and between type I and type II/ type III hypolithons (PERMANOVA: Po0.001 all pairwise combinations; Table 4 ). Moreover, the dissimilarity values were larger among type I samples (that is, less deviant from the null expectation) relative to samples from the other three communities (Table 1 , permutation dispersion), supporting the view that deterministic processes are relatively more important in explaining Redundancy analysis (RDA) biplot of bacterial diversity and microenvironmental parameters. T-RFLP analysis profiles for hypolithic and soil samples are depicted (n ¼ 36). Only the environmental variables that significantly explained variability in microbial community structure are fitted to the ordination (arrows). The direction of the arrows indicates the direction of maximum change of that variable, whereas the length of the arrow is proportional to the rate of change. variations in type II/type III hypolithons and soil communities. As cyanobacteria dominate type I communities, this is consistent with conclusions by Caruso et al. (2011) , who found that stochasticity is an important driver for the autotrophic component of hypolithic communities. Furthermore, simulated hypolithic communities from random sampling of the soil community demonstrate that stochastic dispersal was unlikely to shape the observed community structure of the hypolithons (Supplementary Figure 6) . In contrast, we found that type II hypolithons could be originated by random sampling from type I, whereas type III could be created from type II but not from type I.
In summary, we have demonstrated that Antarctic hypolithons and open soils display demonstrably different bacterial community compositions. In addition, we found that beta-diversity is higher in type I hypolithons than in types II and III, suggesting that deterministic processes in the bacterial component of hypolithons might increase in the order type I ¼ 4 type II ¼ 4 type III. These patterns have important implications as communities of higher beta-diversity are likely to be especially vulnerable to climate change (McKnight et al., 2007) . Moreover, if we assume that the effects of stochastic variation may become less important as communities develop over time (Fierer et al., 2010) , these findings may validate type I hypolithons as the basal development state in the successional process (Cowan et al., 2010a) . However, it is important to note that our analysis represents a snapshot in the development of these communities, with a focus on the most abundant taxa, and diversity may not have reached its maximum yet (Fierer et al., 2010) . Experimental work and long-term monitoring programs of hypolithic bacterial composition involving larger sample numbers and ultra-deep sequencing may help us to resolve how the relative importance of deterministic/stochastic processes changes over time and whether or not type III are derived from type II hypolithons.
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